Abstract. Word of mouth (WOM) plays an increasingly important role in shaping consumers' behavior and preferences. In this paper, we examine whether latent personality traits of online users accentuate or attenuate the effectiveness of WOM in social media platforms. To answer this question, we leverage machine-learning methods in combination with econometric techniques utilizing a novel quasi-experiment. Our analysis yields two main results. First, there is a positive and statistically significant effect of the level of personality similarity between two social media users on the likelihood of a subsequent purchase from a recipient of a WOM message after exposure to the WOM message of the sender. In particular, exposure to WOM messages from similar users in terms of personality, rather than dissimilar users, increases the likelihood of a postpurchase by 47.58%. Second, there are statistically significant effects of specific pairwise combinations of personality characteristics of senders and recipients of WOM messages on the effectiveness of WOM. For instance, introverted users are responsive to WOM, in contrast to extroverted users. Besides this, agreeable, conscientious, and open social media users are more effective disseminators of WOM. In addition, WOM originating from users with low levels of emotional range affects similar users, whereas for high levels of emotional range, increased similarity usually has the opposite effect. The examined effects are also of significant economic importance, as, for instance, a WOM message from an extrovert user to an introvert peer increases the likelihood of a subsequent purchase by 71.28%. Our findings are robust to several alternative methods and specifications, such as controlling for latent user homophily and network structure roles based on deep-learning models. By extending the characteristics that have been theorized to affect the effectiveness of WOM from the observable to the latent space, tapping into users' latent personality characteristics, and illustrating how companies can leverage the abundance of unstructured data in social media, our paper provides actionable insights regarding the future potential of social media advertising and advanced microtargeting based on big data and deep learning.
Introduction
Social media constitute one of the most transformative impacts of information technology on various aspects of our everyday life, including how consumers communicate and interact (KPMG 2013) . Because of this transformation, word of mouth (WOM), the most trusted information and advertising source among U.S. Internet users (AYTM 2013 , Forrester 2013 , Nielsen 2013 , nowadays plays an increasingly important role in shaping consumers' online behavior and preferences, as users' opinions, choices, and decisions are frequently shared in social media.
Acknowledging that online consumers' choices can be vastly influenced by electronic WOM, marketers leverage social media to achieve key marketing objectives by incentivizing the spread of positive WOM instances from social media users Todri 2014, 2015b) . For instance, referral systems, the nurturing of positive online WOM, the spurring of the creation of online forums and communities (Dellarocas 2006) , and postpurchase social shares are some quintessential and effective means of utilizing social media. Relevant academic work has explored some factors that could make the WOM instances more effective (Ghose 2017) . Nonetheless, social media provide the opportunity to gain deeper insights into the users' characteristics that accentuate or attenuate the effectiveness of WOM Information Systems Research, Articles in Advance, pp. 1-29, © 2018 INFORMS instances Mayzlin 2004, Trusov et al. 2009 ) and extend the characteristics that have been theorized to affect the effectiveness of WOM from the observable (e.g., sex, age, relationship status) to the latent space of characteristics (e.g., personality). Thanks to the recent advances in deep learning and machine learning, both firms and researchers have the unique opportunity to leverage the abundance of unstructured data in social media (Adamopoulos and Tuzhilin 2015) to identify users' latent characteristics and traits that can impact the effectiveness of WOM.
To this end, in this paper, we draw from established and substantial theories in psychology and social sciences to examine whether personality traits of social media users attenuate or accentuate the effectiveness of WOM. Specifically, using recent advancements in big data and machine-learning techniques to extract information from unstructured textual content, we examine whether and how latent personality characteristics of a user affect purchases of actual products with significant monetary cost made by the social media peers of the user after exposure to WOM messages. To better identify instances of successful WOM and distinguish the effectiveness of WOM from correlated behaviors and homophily among social media peers, we use the variation in the visibility of WOM messages in a quasi-experimental setting where the exposure to such WOM instances is independent of the characteristics of the content or the source and recipient of WOM messages. In addition, we also conduct extensive robustness checks and employ interdisciplinary techniques, including latent variable models and deep-learning techniques, to further control for potential unobserved confounders.
Our analysis yields two main results. First, there is a positive and statistically significant effect of the level of personality similarity between two social media users on the likelihood of a subsequent purchase after exposure to WOM. In particular, exposure to WOM messages from similar users in terms of personality, rather than dissimilar users, increases the likelihood of a postpurchase by 47.58%. Second, moving beyond establishing personality similarity as an important determinant of WOM effectiveness, we also examine pairwise combinations of latent personality traits of senders and recipients of WOM messages, and we find that there are statistically significant effects of specific personality characteristics on WOM effectiveness. WOM originating from users who exhibit high levels of agreeableness, conscientiousness, and openness is more likely to be more effective, whereas for users with low levels of conscientiousness or agreeableness, the opposite effect is more likely. In addition, introverted users are susceptible to WOM, in contrast to extroverted users. Finally, WOM originating from users with low levels of emotional range affects similar users, whereas for high levels of emotional range, increased similarity usually has the opposite effect. These results are robust to a wide variety of alternative econometric specifications and additional controls. The corresponding models also exhibit very good predictive ability based on out-of-sample evaluation results. The examined effects are also of significant economic importance, as, for instance, a WOM message from an extroverted user to an introverted peer increases the likelihood of a subsequent purchase by 71.28%.
Overall, on the basis of a novel combination of machine-learning-based text-mining techniques with more conventional econometric methods and a quasiexperiment, this paper examines how latent personality traits and pairwise characteristics of users in social media platforms can facilitate the effect of WOM and subsequent economic outcomes. This is the first paper to study how personality similarity and specific combinations of personality traits affect users' online purchase behavior and facilitate WOM, paving the way for additional research in the unexplored area of latent user characteristics and their effect on individual behaviors in social media and networks. By examining these effects and illustrating how companies can leverage the abundance of unstructured data in social media and tap into users' personality characteristics, apart from extending the relevant theories, our paper provides actionable insights regarding the future potential of social media advertising and advanced microtargeting based on big data and natural language processing.
Theoretical Background and Related Work
In this section, we discuss how this paper is related to various streams of research that span the fields of information systems and marketing, among others, and elucidate how our study extends the existing literature. More specifically, drawing on theories that are deeply rooted in psychology and social sciences, we discuss how latent personality characteristics of users could help us predict and better understand the effects of WOM in social media. Finally, we discuss the feasibility of inferring latent personality characteristics by leveraging the abundance of unstructured data of online communications.
WOM and User Characteristics
The ability of firms to observe the electronic WOM instances at the granular level of individual interactions offers an attractive opportunity to learn how users' characteristics, such as personality traits, can facilitate or confine the effects of WOM. This is a particularly interesting question, as personality has been found to affect various aspects of individual behavior, including job performance (Barrick and Mount 1991) , academic Downloaded from informs.org by [170.140.104 .2] on 16 May 2018, at 07:48 . For personal use only, all rights reserved.
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Information Systems Research, Articles in Advance, pp. 1-29, © 2018 INFORMS 3 motivation (Komarraju and Karau 2005) , and romantic relationships (Shaver and Brennan 1992, Tupes and Christal 1992) , as well as attitudes toward computer and information systems (Devaraj et al. 2008 , Sigurdsson 1991 . Focusing on consumer preferences, prior work has demonstrated that personality characteristics can predict whether people would be more likely to accept a suggested product or service (Horton 1979, Hu and Pu 2011) . Likewise, prior literature indicates that personality also affects the human decisionmaking process, such as the preferences for music (Rentfrow and Gosling 2003) , consumers' brand preferences (Lin 2002) , and effectiveness of recommendation agents (Adamopoulos and Todri 2015a) . Hence, tapping into the idea that personality characteristics affect individual behaviors and drawing on theories that are deeply rooted in psychology and social sciences, we aim at extending the set of users' characteristics (Chang 2004 , Forman et al. 2008 , v. Wangenheim and Bayón 2004 that have been theorized as affecting the success of WOM instances from the observable to the latent space and, in particular, to include latent personality traits. Understanding the relationship between the established and substantial concepts of WOM in social media and user personality allows us to assimilate the sphere of influence of personality traits and predict the effective dissemination of word of mouth in social media platforms.
Building on established theoretical concepts (see Section 2.2), we focus on how the latent characteristics of the social media users can impact the effectiveness of WOM. In this respect, our paper is related to papers examining the effects of observable user characteristics on WOM. More specifically, Godes and Mayzlin (2009) study how loyalty of the disseminators of WOM toward a brand (e.g., frequency of purchases) facilitates WOM and demonstrate that firms should look for less loyal customers to spread WOM. Moreover, Bapna and Umyarov (2015) find that social media users with fewer friends are more susceptible to WOM influence from their peers. In the same vein, Forman et al. (2008) show that, in the context of WOM in an online community, identity-descriptive information of reviewers is used by consumers to supplement or replace product information when evaluating the helpfulness of online reviews. Similarly, Aral and Walker (2012) examine the impact of self-reported observable characteristics (e.g., gender, age) on identifying susceptible and influential members regarding the adoption of a Facebook app.
Our paper is substantially different from these papers, as we are the first to examine the impact of personality traits and latent personality similarity on WOM. Furthermore, we examine real monetary transactions and actual product purchases, which are more likely to be associated with deliberate and conscious user behaviors compared with commonly studied user actions, such as clicks and retweets. Besides this, we employ an extensive set of individual attributes, extracted from unstructured data (and not exclusively self-reported by the users) as well as several measures of pairwise relationship characteristics, in addition to the actual WOM message content. We also leverage a combination of text-mining and econometric techniques to utilize our data set and gain deeper insights into the factors that affect the effectiveness of WOM. This combination of methods and approaches allows us to extend the set of characteristics that have been theorized to affect the effectiveness of WOM from the observable space of self-reported characteristics (e.g., sex, age, relationship status) to the latent space of personality characteristics, paving the way for additional research in the unexplored area of latent user characteristics and personality traits and their effect on individual behaviors. Finally, we also identify a novel quasi-experimental setting that allows us to better disentangle the effects of personality on WOM from correlated user behaviors and homophily while facilitating future research in social media.
User Personality Characteristics Taxonomy
Personality has been defined as "the dynamic organization within the individual of those psychological systems that determine his characteristics behavior and thought" (Allport 1961, p. 28) , and it has been a topic of intense academic interest across many fields. The study of personality has led to the emergence of personality psychology, which has been an identifiable discipline in social sciences for decades. A large number of researchers in this area have investigated personality constructs in an effort to uncover the underlying factors of personality, leading to taxonomies of personality traits and psychologists achieving congruent views on the structure and concepts of personalities (Barrick and Mount 1991) . For instance, nowadays, it is widely accepted that there are five robust factors of personality that can serve as a meaningful taxonomy for classifying personality attributes (Digman 1990 , Goldberg 1981 , Norman 1963 . The most influential taxonomy of personality attributes is admittedly the "Big Five" taxonomy, and it serves as a useful integrative framework for thinking about individual differences at a fairly high level of abstraction (Baumgartner 2002) . The prevalence of the five-factor taxonomy framework is justified by the compelling evidence for robustness of the fivefactor model across different theoretical frameworks, using different assessment approaches including questionnaires and lexical data, in different cultures, and using ratings obtained from different sources (Barrick and Mount 1991 , Barrick et al. 2001 , Costa and McCrae 1992 , McCrae and Costa 1987 Advance, pp. 1-29, © 2018 INFORMS sufficient to represent human personality in terms of traits-it is a framework for distinguishing; ordering; and naming the behavioral, emotional, and experiential characteristics of individuals (John and Srivastava 1999) . The latent personality dimensions can be generally defined as follows. The first dimension is titled agreeableness and captures a person's tendency to be compassionate and cooperative toward others. Agreeableness is associated with altruism, cooperation, trustfulness, empathy, and compliance. The second dimension is conscientiousness and describes a person's tendency to act in an organized or thoughtful way. Individuals characterized by high levels of conscientiousness tend to be driven, deliberate, organized, persistent, and self-assured. The third dimension of the Big Five-factor model is the extraversion dimension that refers to a person's tendency to seek stimulation in the company of others. Extraversion consists of outgoingness, sociability, assertiveness, and excitement-seeking behaviors. The fourth dimension is emotional range, which describes the extent to which a person's emotions are sensitive to the individual's environment. The tendency of an individual to be worried, depressed, self-conscious, and hedonistic is captured by the aforementioned dimension. Finally, the fifth dimension is that of openness, which refers to the extent to which a person is open to experiencing a variety of activities. Adventurousness, intellect, creativity, and liberalism define the openness to experience of individuals.
While leveraging personality characteristics constitutes a promising pathway toward understanding online consumers' behaviors and WOM effects, there exist significant challenges that have so far prevented the exploitation of personality characteristics as predictors or determinants of user behaviors on a large scale. Such challenges emerge from the inherent difficulty of identifying and measuring latent personality characteristics. Specifically, the traditional way of measuring personality characteristics requires the completion of long questionnaires, and hence, it has been particularly burdensome, if not impossible, to obtain such information on a large scale. However, there are currently a few studies that have successfully attempted to automatically derive and assess personality traits from text, based on the established relationship between word use and personality (Fast and Funder 2008 , Hirsh and Peterson 2009 , Yarkoni 2010 . Exploring the feasibility of deriving personality traits from social media text, Mairesse and Walker (2006) demonstrate that computational models based on derived personality traits perform better than models using self-reported personality traits. In addition, tapping into the recent advances of data mining and predictive models, Chen et al. (2015) demonstrate the effectiveness of personality traits derived via a lexiconbased approach (Pennebaker et al. 2007 , Yarkoni 2010 and found that predicted personality traits had the same effects as the personality traits measured by traditional personality questionnaires. Hence, drawing on the psychology of language and data-mining algorithms, we automatically infer personality characteristics leveraging the abundance of unstructured data of digital communications and demonstrate the feasibility of such analysis with low cost and on a large scale.
Interpersonal Personality Similarity
According to the theory of social comparison, people are characterized by the tendency to compare their attitudes and capabilities with those of others and are often inclined to alter their individual opinions and behaviors as a result of such comparisons with other people (Festinger 1954) . This inherent tendency to compare oneself with another person increases significantly as this person is seen to be similar to oneself, primarily because of the implicit assumption of individuals that similar people have similar needs and preferences (Feldman and Spencer 1965, Festinger 1954) . Increased similarity between two parties (e.g., in communication style, attitudes, cognitive processes, demographic characteristics, religious background, political orientation, physical appearance, socioeconomic status, other dimensions) also promotes social attraction, according to the theory of interpersonal similarity (Byrne and Griffitt 1969 , Byrne et al. 1968 , Singh and Ho 2000 . Similarly, differences between the two parties can lead to dislike and avoidance, according to the cognitive consistency theories Ho 2000, Tan and Singh 1995) .
Examining the effects of interpersonal similarity in terms of personality, prior research has shown, for instance, that people are inclined to make decisions regarding personal relationships based on interpersonal similarity across the dimensions of agreeableness, conscientiousness, extraversion, emotional stability, and openness to experience (Botwin et al. 1997) . Drawing on the aforementioned theories and going beyond relationship decisions, related research in psychology and communication has accumulated significant evidence suggesting that higher levels of interpersonal similarity between two parties (i.e., sender and recipient of a message) based on various other characteristics increase the ease of communication and enhance the predictability of various behaviors. For instance, synthesizing findings from a large number of past studies, Lichtenthal and Tellefsen (2001) suggest that similarity in internal characteristics based on composite measures (e.g., combining together personality, 1 education, attitudes, perceptions, political views, and values; Crosby et al. 1990) can increase a consumer's willingness to trust a salesperson in an offline retail setting and follow his or her guidance, whereas similarity in observable characteristics, such as physical attributes, has a much smaller effect on consumers' Downloaded from informs.org by [170.140.104 perceptions or a salesperson's effectiveness. In this paper, we focus on WOM messages among peers in social media going beyond in-person private sellerto-consumer communication, an offline retail setting, and a simple composite measure of similarity across different characteristics. In particular, we examine the impact of the latent interpersonal personality similarity between two parties on the effectiveness of electronic WOM and on the economic behavior of the recipients of WOM messages. Hence, the first research question we examine in this study is as follows:
• Research Question 1: Does personality similarity between the source and recipient of a WOM message affect the economic behavior of the recipient after exposure to the WOM message?
Information Processing and
Personality Characteristics In addition, prior research suggests at a theoretical level that message recipients use information about the source of the message as a heuristic device, drawing on their assessment of the information provider as a simple and convenient shortcut to help them reach judgments and guide actions, and hence, the attributes of an information source can have powerful effects on the way people react to messages as well (e.g., Chaiken 1980 Chaiken , 1987 Hass 1981; Kelman 1961; Mackie et al. 1990 ). The information processing literature has indeed identified this "messenger bias" at an empirical level, demonstrating in various research settings that attributes of a message source often exert direct effects on message recipients' attitudes and behaviors, independent of the message content that is broadcasted by the sender (e.g., Chaiken and Maheswaran 1994 , Chang 2004 , Cohen 2003 , Forman et al. 2008 , Kang and Herr 2006 , Menon and Blount 2003 , Pornpitakpan 2004 , Simpson et al. 2000 , v. Wangenheim and Bayón 2004 . However, no prior academic work has thoroughly examined and scientifically documented the effect of specific personality traits and characteristics on the effectiveness of WOM in social media. In this paper, in addition to our first research question, we also study the impact of corresponding personality characteristics of the sender of a WOM message in combination with the personality characteristics of the recipient to provide richer findings regarding the effect of specific personality traits on WOM effectiveness. For instance, we move from studying interpersonal similarity on the extraversion dimension of personality toward studying whether an extrovert-to-extrovert WOM communication or an introvert-to-introvert WOM communication is more effective. Therefore, the second research question we examine in our study is this:
• Research Question 2: Do specific pairwise combinations of personality characteristics of the sender and recipient of a WOM message affect the economic behavior of the recipient after exposure to the WOM message?
Experimental Setting and Data Description
In the following section, we present the social commerce venture that was launched in the microblogging (social media) platform of Twitter. This social commerce venture constitutes our empirical setting for studying our research questions pertaining to WOM effects for real-world monetary transactions and how the personality characteristics of the users enable or constrain these WOM effects.
Empirical Context
The social commerce venture under study is an exemplary business model of leveraging users' connections in social media to stimulate WOM . It is a service that enables customers to make a "frictionless" purchase within a platform while automatically spreading the word about the product and the service to their social media peers; the specific platform is the leading social commerce venture in terms of sales and engagement (AddShoppers 2013) . Regarding the data-generating process of the specific social commerce transactions, the social commerce service provider (i.e., American Express) first broadcasts a short message in the platform (i.e., Twitter) announcing the list of participating merchants and the products that are available for sale. In particular, as illustrated in Figure A1 in the online appendix, this announcement provides details about the product offerings (e.g., product, respective sale price) and provides the designated hashtags (i.e., a word or phrase preceded by a hash sign (#)) consumers must employ to make a purchase. Consumers who are interested in making a purchase must have a microblogging account and synchronize their social commerce provider account with their microblogging account. Once the social commerce provider announces the available products from the participating vendors, users can purchase them by posting a short message (i.e., tweet) and including the designated token (i.e., hashtag). In addition to the required hashtag, consumers can choose to add additional content and personalize the purchasing tweet messages they share with their social media peers. Typically, such messages are publicly posted on the profile of the user, and the user's friends (i.e., peers who follow the stream/timeline of the specific user) will automatically receive the corresponding message on their own newsfeed (please see Section 4. Advance, pp. 1-29, © 2018 INFORMS media platform and matches them to the desired product. After the purchase is confirmed, the social commerce service provider bills the customers and ships the product within one to five business days.
Empirical Data
Our database contains all the transactions that were generated through the aforementioned process on the social media platform. Each transaction is committed from a user account in the social media platform and is associated with a specific product offering. The data span all the confirmed transactions that took place from the second calendar week of February 2013 until the first calendar week of March 2013. Each transaction in our database consists of the original message of the user, the message ID, the exact date and time that the message was posted, the user account ID, the designated hashtag, and whether the message would be rendered visible to each of the followers of the user (see Section 4.2.2). Moreover, our database also contains users who were eligible to make a purchase but chose not to do so. Additionally, we have access to userspecific information, such as the user's screen name on the platform, the set of followers and the set of friends (or followees, as they are also called), all the posted messages of the user on the platform, and the self-reported description of the user's profile, etc. We further complement our data set with rich unstructured data from users' profiles and timelines by leveraging text-mining and machine-learning techniques to extract the user personality traits (see Section 4.2.1) as well as to enhance our identification strategy and control for latent similarity (beyond personality traits) among the users (see Section 4.2.3).
2 The main variables of interest and the corresponding machine-learning models are described in detail in the following section.
Additionally, we have information about all the product offerings. The social commerce service provider collaborated with well-known retailers and offered in total eight different products available for purchase (e.g., Figure A1 in the online appendix). The products, which were offered at a reduced retail price, were available for purchase only for a specific period of time. The featured products belong to a wide variety of categories and all of them are mainstream products. In particular, the products correspond to video game consoles and related accessories, electronics and sports equipment (e.g., high-definition tablet, sports and action cameras with related equipment), general-purpose gift cards, and fashion accessories (e.g., designer bracelet, luxury handbags). We should note that the particular set of offerings from the social commerce service provider was available for purchase at a reduced price (about a 25% discount, with an average retail price of US$125) only through the specific platform. Hence, our study does not suffer from sample selection bias issues that would arise, for instance, if the users could choose from which platform or network to make the purchase and we had analyzed only the transactions and the WOM instances that took place on the social media platform. Finally, we control for observed and unobserved heterogeneity at the product level by introducing product-level fixed effects in our model specifications. As robustness checks, we also test different specifications controlling for potentially unaccounted or unobserved correlations among the users, as discussed in detail in the following sections.
Empirical Methodology
To formally characterize our econometric model, we model user purchase decisions after being exposed to WOM messages in terms of both message and user characteristics, including latent personality traits and attributes extracted from unstructured textual content using machine-learning techniques. To better control for any unobservable and latent confounders, we utilize the variation in the visibility of WOM messages employing a quasi-experimental research design where the exposure to such WOM instances is independent of the characteristics of the content or the source and recipient of WOM messages; we also conduct extensive robustness checks and allow the visibility of messages to be endogenous (see Section 5.2) while controlling for several potential confounders. The rest of this section is organized as follows: we provide a brief sketch of our main econometric model specification (Section 4.1), the empirical identification of latent personality traits and characteristics (Section 4.2.1), the experimental research design (Section 4.2.2), and a discussion of our model features beyond personality traits (Section 4.2.3).
Econometric Model Specification
To estimate the moderating effects of personality traits on WOM effectiveness and consumers' behavior, we use a continuous-time single-failure survival model. In particular, we model how quickly users purchase a product, if any, using a proportional hazards model and correcting for censoring of transactions that might had been intended to occur after the observation window (Kalbfleisch and Prentice 2011) . In detail, we specify the following survival model: where λ i (t) is the hazard of peer i of consumer j making a social commerce purchase after having been exposed to a WOM message from j, λ 0 (t) represents the baseline hazard, Recipient-Sender Similarity captures the level of similarity between sender j and recipient i of a WOM message using various metrics as discussed in Section 4.2.3, Recipient-Sender Personality Similarity measures the personality similarity between a pair made up of recipient and sender of a WOM message as discussed in Section 4.2.1, WOM Message Visibility captures the visibility level of the corresponding WOM message as discussed in Section 4.2.2, WOM Message measures the intensity and type of the WOM message as discussed in Section 4.2.3, User Expertise and User Leadership control for latent user expertise and interests as well as social media leadership of senders and recipients as discussed in Section 4.2.3, and the additional Recipient-Sender and WOM Message Controls capture additional user activities and characteristics as discussed in Section 4.2.3, such as the number of messages the recipients and senders have posted in the social media platform and the number of interactions between the recipient and the sender of the WOM message.
In addition, as discussed in Section 2.4, we also study the impact of the personality characteristics of a WOM message sender in combination with the personality characteristics of the recipient to provide richer findings regarding the effect of specific personality traits on WOM effectiveness. Therefore, we also specify the following survival model: 
where Recipient-Sender Personality Combinations captures the specific pairwise combinations of personality characteristics for recipients and senders of the WOM message. For instance, such recipient-sender personality combinations allow us to study whether extrovertto-extrovert WOM communication or an introvert-tointrovert WOM communication is more effective.
Econometric Model Identification
The following sections discuss the machine-learning and natural-language-processing approaches we employed to analyze a vast amount of the user-generated unstructured data and identify our econometric specifications as well as the quasi-experimental research design we utilized to further distinguish the effect of personality characteristics and personality similarity on WOM effectiveness from unobserved confounders and correlated user behaviors.
Using Text-Mining for Extracting Personality
Traits. The personality traits of the sender and the recipient of each WOM message and the corresponding Recipient-Sender Personality Similarity and RecipientSender Personality Combinations are derived based on a textual analysis of unstructured user-generated data.
In particular, for each user, we analyzed the content of all the messages that were publicly posted on the social media platform over time as well as the userdefined description of their accounts. From the messages of the users analyzed are excluded any messages that were not written by the particular user each time (e.g., retweets), as those messages do not correspond to the linguistic style of the specific user and, hence, might not reflect his or her personality. In addition, we excluded all the private messages between the users as well as non-English messages. After the preprocessing of the "corpus" of user-generated content, there were on average 21,948 words per user; this number is higher than the typical number of words in other studies employing user personality attributes (e.g., Golbeck et al. 2011 ) and can lead to more accurate results. The messages and the rest of the user-generated content of each user are merged into a single "document" as in Golbeck et al. (2011) , and the latent personality traits and characteristics of individuals are then derived using linguistic analytics. In particular, following Golbeck et al. (2011) and Mahmud et al. (2013) , the tokens of the user-generated content-after some preprocessing of the words, which includes removal of stop-words and non-English words, stemming, and fuzzy matching-are matched with the Linguistic Inquiry and Word Count (LIWC) psycholinguistic dictionary, which has been developed over several years and currently includes almost 4,500 words and word stems associated with one or more personality categories (Pennebaker et al. 2007) , to compute relative scores in each dictionary category. Afterward, based on Yarkoni (2010), a weighted combination is estimated based on the coefficient between category scores and characteristics, using coefficients that were derived by comparing personality scores obtained from surveys with LIWC category scores from text (Tausczik and Pennebaker 2009, Yarkoni 2010) . Finally, the outcome of these models is that for each one of the users in our data set, a score is estimated reflecting the percentile score for the specific characteristic. We also categorize the users into low-level and high-level groups for each personality characteristic depending on whether the corresponding score is less than or greater than the 50th percentile.
One of the advantages of the employed approach is that automated methods for personality assessment are Downloaded from informs.org by [170.140.104 (Fast and Funder 2008) than traditional ways of measuring personality. In addition, the traditional way of measuring personality, which requires people to complete personality questionnaires, does not allow for obtaining personality traits at a large scale or low cost for the population of interest (Chen et al. 2015) . Finally, user-generated content is more reflective of users' actual personalities, not an "idealized" version of themselves (Back et al. 2010 ).
Empirical Identification: Exogenous Variation in
Message Visibility. This section discusses in detail the identification strategy for better distinguishing personality effects from correlated user behaviors and homophily. Our natural-like experiment research design is enabled by a unique feature of the microblogging platform that allows certain types of public messages to have different levels of visibility to the peers of the central user who is posting the message. Normally, a message posted by a user on the social media platform appears in the timeline of all the followers (i.e., anyone who is following the sender of the message); the timelines of users were not algorithmically curated during our study. Hence, in our context, whenever a user makes a purchase, social media peers of this user are exposed to the advocacy of the user toward the brand/product as the purchase is visible in their timelines, and therefore, their purchasing decisions might be affected through WOM. However, users who are connected in the platform (through a nonreciprocal or reciprocal relationship) tend to have similar preferences and idiosyncrasies. Hence, if one simply employs observational data under the aforementioned research design, it would be difficult to distinguish the actual effect a WOM instance might exert from simple correlations in users' behaviors and homophily; nonetheless, the discovery of correlations among latent personality traits and the effectiveness of WOM would be sufficient for forecasting objectives and practical marketing strategies.
In this study, we employ a research design framework that exploits whether a message broadcasted in the platform was rendered visible to particular users. In Twitter's platform, a publicly broadcasted message may not be visible in the timelines of some followers of a central user either because the particular follower missed viewing the actual tweet in his or her timeline or because it was directly addressed to another user account (i.e., the message began with another Twitter account username following the "@" symbol and there was no other character before this symbol). In particular, messages starting immediately with a specific Twitter account username (see Figure A2 (b) in the online appendix) are visible only to the corresponding account (i.e., recipient of the message) and the set of followers who follow both the sender and the recipient, and only these users will be able to see the corresponding message in their timelines. In our context, such messages are not visible to the rest of the peers of the central user. On the other hand, if one (or more) characters (e.g., ".") appear before the "@" symbol (see Figure A2(a) ), then the message is broadcasted to all the followers of the sender, although it is addressed to a specific account.
3 Hence, this unique feature of Twitter (i.e., the visibility of a message depends not only on whether another user, a brand, or the social commerce provider is mentioned in the message and the local social network of the followers of the sender but also on the absolute position of the "@" character) and the corresponding naturallike experiment induced by the differences in visibility of messages enable us to examine outcome measures for observations in treatment (i.e., visible message) and comparison (i.e., nonvisible message) groups. In this respect, this paper is also related to the stream of work that has leveraged the visibility of advertisements (Ghose and Todri-Adamopoulos 2016) to estimate the causal effect of online ads on consumer behavior.
Such a quasi-experiment creates an exogenous source of variation in the explanatory variables and allows us to identify the various effects related to being exposed to a friend's actual purchase and advocacy; both exposed (i.e., treatment) and nonexposed (i.e., control) group users are connected to a peer who completed a purchase. Hence, differences in purchases between treatment and control groups can then be attributed to the characteristics of their peer who made a purchase and the corresponding WOM messages they received. Thus, the microblogging service in our setting provides an ideal setting for identifying the impact of personality on the effectiveness of WOM. Besides taking advantage of this experimental design, we also avoid any observer biases, as our manipulation is nonintrusive; the subjects are completely unaware of being part of our experiment, and hence, they do not alter their behavior in anticipation of the experiment. The experiment occurred over 20 days during which 46,582 purchases were generated. Nevertheless, despite the variation in the treatment assignment, we control for differences in the pairwise relationships between users using an extensive set of constructs described in detail in Section 4.2.3 and also conduct several robustness checks as described in Section 5.2. Figures A4-A8 in the online appendix show the distribution of personality characteristics on the treatment and control groups illustrating the overlap of the two groups. Finally, we also allow for the visibility of the messages to be endogenous and build latent variable models to further control for potential unaccounted homophily while we also control for numerous potential confounders (see Section 5.2).
Additional Model Features.
As illustrated by the outline of the model in Section 4.1, we expect that several factors and variables might affect a user's decision to make a purchase. In Section 4. in detail the "personality traits" and the corresponding machine-learning and natural-language-processing algorithms employed to identify the specific effects. In this section, we describe in detail the remaining effects and the corresponding constructs, including observed and latent pairwise user similarity, message advocacy, and user expertise and leadership as well as additional user and message controls.
The factor Recipient-Sender Similarity represents the similarity between the sender and the recipient of WOM messages and is measured based on the similarity of the two social media users in terms of overlap of the local communities as captured by the (i) Jaccard similarity coefficient of the sets of their followers and (ii) Jaccard similarity coefficient of friends as well as (iii) similarity of interests and topics discussed in social media posts based on the results of a latent Dirichlet allocation (LDA) model (Blei et al. 2003) . LDA is a probabilistic generative model for natural language processing (NLP), which models every document in the corpus as a distribution over topics and every topic as a distribution over words. In our study, we build the LDA model on the corpus of all the messages of the users in our extended data set using a part-of-speech tagger developed specifically for the platform of Twitter (Owoputi et al. 2013) and following the estimation procedures of Hoffman et al. (2010) . In particular, for the implementation of the LDA model, we used 139,850,033 messages. Moreover, we also find the natural number of topics that are present in our corpus based on the specific process and measure proposed by Arun et al. (2010) , computed in terms of the Kullback-Leibler divergence (Kullback and Leibler 1951) ; our findings are not sensitive to the number of topics. Additionally, for the hyperparameters of our model, we learn an asymmetric prior directly from our data. Apart from measuring the sender-recipient similarity based on these distinct metrics, we also measure the similarity as a single standardized factor using factor analysis among the different metrics based on the principal factors method. The employed measures of user similarity capture both observed similarity (e.g., the number of interactions in the network) and latent similarity (e.g., latent common interests as captured by the topics of the LDA model) to better control for potentially unobserved confounders and homophily.
Moreover, the vector WOM Message represents the intensity and type of the WOM message and is captured by the sentiment of the tweet and whether the message was personalized (i.e., explicit rather than implicit advocacy). The sentiment of the message (measured in a continuous scale between −1 and +1) provides a richer metric of the intensity of the advocacy of the sender compared with other naïve metrics (e.g., lexicon-based scores). The main approach we employed uses a publicly available commercial sentiment analysis mechanism based on deep learning (AlchemyApi 2012). 4 Furthermore, User Expertise is measured based on the standardized similarity of the timeline of a user with the timelines of the corresponding vendor and product using the probabilistic NLP model we previously described. In other words, this metric of latent user expertise and interests captures the intensity of the specific topics of interest in each user's discussions on the specific platform. The motivation for this metric is that, for instance, users who frequently broadcast messages about technological trends and topics similar to those in the discussions in the social media accounts of the specific technological products and their vendors are more likely to be perceived by their social media peers as experts in the area of technological products. We should note that although the natural number of topics is used, based on our empirical results, the findings of our study are not sensitive to the number of topics or the hyperparameters of the employed NLP model of latent user expertise.
The User Leadership is measured in terms of the additive smoothed ratio of followers to followees. The additive smoothed ratio is commonly applied in empirical studies to prevent the corresponding popularity or leadership metric from being oversensitive to small changes in the numbers of friends (followees) and followers. In addition to the social media leadership of the users, we also control for the number of followers of the users in the platform, whether each user has an officially verified account on the platform, and the number of public lists ("endorsements") in which other social media users have included the sender, as described in the following paragraphs.
Finally, the additional vector of Recipient-Sender and WOM Message Controls include the number of messages the recipients and senders have posted on the social media platform, the reciprocity of the relationship between the recipient and the sender of the WOM message, the number of interactions between the recipient and the sender, the number of public lists of which the sender (or recipient) are members, whether he or she still has a default profile in the platform, and whether the user has an officially verified account on the platform to further control for the popularity of the user and his or her level of engagement with the platform. We should note here that in the empirical identification of our econometric model, we employ additional user, pairwise relationship, message, and product controls as discussed in the following section. Table 1 summarizes the main variables that were used in the analysis and shows the corresponding descriptive statistics. In our analysis, we only use observations corresponding to dyadic (pairwise) relationships and social media users who did not receive messages from multiple senders, similar to prior work (e.g., Aral and Walker 2012 
Empirical Results
We estimate the effects of various user personality traits and characteristics of pairwise relationships on WOM messages by aggregating many individual experiments, in which the visibility of messages varies within and across the social media peers of the original consumers in the context of a social commerce venture with real physical products and monetary transactions of significant cost. We next present our key results on the effects of combinations of personality traits and personality similarity on the effectiveness of WOM. Then, we discuss the economic impact of our results and show robustness to a variety of alternative specifications and models. Table 2 presents the results of the different specifications of our WOM effectiveness model for economic transactions and social commerce purchases (see Equation (1)).
Main Results

Main Results for Personality Similarity.
In particular, Model 1 constitutes our baseline specification and includes the constructs of dyadic similarity and strength of relationship between the recipient and sender of the WOM message (i.e., pairwise similarity between peers, reciprocity of relationship, and number of user interactions), WOM message advocacy (i.e., sentiment of message and personalized message), sender and recipient expertise and leadership, as well as additional sender and recipient controls (e.g., number of followers and officially verified profile). Model 2 introduces the notion of personality similarity based on the information of whether the sender and the recipient of the WOM message share the same main personality type (e.g., whether the dimension of extraversion has the highest level among the five personality dimensions for both the recipient and the sender), while employs a richer metric of personality similarity, as it measures the similarity across the five factors of the personality model taxonomy (rather than just whether they share the same main personality type). Besides this, Model 4 decomposes the metric of personality similarity between the sender and the recipient of the message and contains detailed measures of the pairwise personality similarity for all five factors. Model 5 leverages the quasi-experimental design utilizing the information of message visibility to distinguish the effects of WOM through the social media posts from correlated behaviors and homophily among users as described in Section 4.2.2. Then, Model 6 captures whether a user was mentioned in the WOM message, Model 7 controls for the specific product mentioned in the WOM message, and Model 8 introduces additional sender and recipient controls (number of messages posted on the platform, number of lists the user is a member of, etc.).
To enhance the validity of our models, we also test the proportional-hazards assumption for all our models. On the basis of the results of the tests, we cannot reject the null hypothesis of zero slope for any of the models. The rejection of the null hypothesis of a zero Notes. Effects are shown with 95% confidence intervals (whiskers). The figure displays HRs representing the percent increase (HR > 1) or decrease (HR < 1) in purchase hazards associated with each attribute. The econometric model controls for sender and recipient characteristics, message-related attributes, and product fixed effects.
slope would indicate a deviation from the proportionalhazards assumption. In other words, our models and the corresponding covariates do not violate the proportional-hazards assumption. We have also conducted various tests of collinearity and no issue was detected. In addition, all the employed models provide a very good fit to our data based on the information of the log-likelihood, the Akaike information criterion (AIC) and Bayesian information criterion (BIC) metrics, and the χ 2 statistic. We should also note that Models 5-8, which leverage the additional information of the message's visibility, better fit the data as indicated by the χ 2 statistic. Figure 1 as well as Figure A9 in the online appendix provide a graphical representation of the results. In particular, Figure A9 shows the effects of user attributes, pairwise relationship characteristics, and user personality similarity on the effectiveness of WOM displaying the hazard ratios (HRs) representing the percent increase (HR > 1) or decrease (HR < 1) in postpurchase hazards associated with each attribute as well as the corresponding 95% confidence intervals (whiskers). From the hazard ratios shown in Table 2 and Figures 1 and A9 , we see that the increased similarity and strength of relationship between users (User similarity: 1.0994, p < 0.001; Reciprocal relationship: 7.3565, p < 0.001) as well as more intense WOM message advocacy (Sentiment of message: 1.6083, p < 0.001; Personalized message: 1.1084, p < 0.001) are associated with higher levels of purchases after exposure to WOM messages. Similarly, users (i.e., senders of messages) with higher product expertise (User expertise (Sender): 1.2499, p < 0.001) and leadership (User leadership (Sender): 1.0138, p < 0.001) are also associated with higher likelihood of purchases of their peers after being exposed to their advocacy (i.e., recipients of messages). Then, from Models 2 and 3, we see that increased personality similarity across the five personality factors is associated with larger positive WOM effects (Personality similarity: 1.4578, p < 0.001); the less rich metric of binary similarity only on the prevalent personality type (Personality similarity (Main personality type)) did not identify a statistically significant result, providing evidence for the multidimensionality of the personality of users. This finding is in accordance with prior literature indicating that similarity on internal characteristics, based on a composite measure of various characteristics, enhances the effectiveness of sellers in traditional offline retail settings (Crosby et al. 1990, Lichtenthal and Tellefsen 2001) . Decomposing the personality similarity into five constructs in Model 4, we see that similarity on agreeableness and extraversion (Personality similarity (Agreeableness): 1.1074, p < 0.05-Personality similarity (Extraversion): 1.3087, p < 0.001) are associated with statistically significant higher levels of purchases after exposure to WOM messages; similar users in terms of agreeableness and extraversion compared with dissimilar users are associated with a 10.74% and 30.87% increase in the likelihood of a purchase, respectively. This finding is in accordance with prior literature suggesting that individuals make decisions about relationships based on their similarity on such personality traits (Botwin et al. 1997) .
We then distinguish the effects of WOM through the social media posts from correlated behaviors and homophily among users; the effect of WOM is transmitted through visible messages, whereas homophily is present even with nonvisible messages. From the results of Model 5, we see that the correlation of behaviors among peers is higher with higher user personality similarity at the levels of agreeableness (1.4608, p < 0.001), whereas WOM effects increase with lower similarity on agreeableness (Visible message 1 × Personality similarity (Agreeableness): 0.7616, p < 0.01). On the other hand, WOM effects increase with higher similarity on extraversion (Visible message 1 × Personality similarity (Extraversion): 1.3490, p < 0.001) as well as openness (Visible message 1 × Personality similarity (Openness): 1.1875, p < 0.05); the effect of WOM for similar users in terms of extraversion and openness is accentuated by 34.90% and 18.75%, respectively. This finding is in accordance with prior literature, as it has been found that greater similarity in terms of extraversion and openness between jurors and expert witnesses in mock trials was correlated with increased perceived witness confidence and credibility (Gardner et al. 2013 ). We should note here that Model 5 exhibits a statistically significant increase in the fit to the data. Model 6 also controls for differences between WOM messages that mention a social media user and messages that do not mention a user. Finally, Models 7 and 8 corroborate these findings and further refine our estimates using additional controls for the products as well as the sender and the recipient of the WOM message. The above results and the corresponding effects are also of significant economic importance, as, for instance, a WOM message from a similar user in terms of personality (rather than a dissimilar one) increases the likelihood of a purchase by 47.58%.
Main Results for Combinations of Personality
Characteristics. Table 3 extends our previous findings presenting the results of our model capturing the effect of pairwise personality characteristics on WOM effectiveness (see Equation (2)). These results go beyond the personality similarity of the sender and the recipient of the WOM message and introduce combinations of the specific personality characteristics of both the sender and the recipient of the WOM message. In particular, Model 1 is our baseline model measuring the effects of personality similarity for each of the five factors of the Big Five personality taxonomy. Models 2-5 extend this model and measure the effect of the pairwise personality characteristics of the sender and the recipient on the effectiveness of the WOM message. All models include detailed controls for both the sender and the recipient of the message, the message itself, and the products. The baseline case for Models 2-6 represents dyads in which the WOM message was not rendered visible, as described in Section 4.2.2.
We test the proportional-hazards assumption for these models as well. As before, on the basis of the results of the tests, we cannot reject the null hypothesis of zero slope for any of the models. Besides this, all employed models provide a very good fit to our data.
Figures A10-A14 in the online appendix provide a graphical representation of the results of Table 3 and show the effects of pairwise combinations of user personality characteristics on WOM effectiveness. These figures display hazard ratios representing the percent increase (HR > 1) or decrease (HR < 1) in purchase hazards associated with each attribute and the corresponding 95% confidence intervals (whiskers 199,563 199,563 199,563 199,563 199,563 199,563 Notes. Semiparametric survival analysis with Cox proportional hazards model. The HRs represent the percent increase (HR > 1) or decrease (HR < 1) in postpurchase hazards associated with each attribute. The baseline case for Models 2-6 represents dyads in which the WOM message was not visible. * p < 0.05; * * p < 0.01; * * * p < 0.001. Figure A10 illustrates the effects of the level of the agreeableness personality trait (for both the sender and the recipient of the message) on WOM effectiveness. Figures A11-A14 show the effects of the levels of conscientiousness, extraversion, emotional range, and openness, respectively. Based on the results shown in Table 3 , as discussed above, the correlation in user behaviors is higher with higher user personality similarity at the levels of agreeableness (1.4427, p < 0.001), whereas WOM effects increase with lower similarity on agreeableness (0.7735, p < 0.01). On the other hand, WOM effects increase with higher similarity on extraversion (1.3952, p < 0.001) and openness (1.1526, p < 0.1). We further extend these results capturing the effects of combinations of personality characteristics of the sender and the recipient of a WOM message. In particular, based on the results shown in Table 3 and Figures A10-A14 , WOM originating from senders with personality with high levels of agreeableness is effective (High Agreeableness (Sender) × Low Agreeableness (Recipient): 1.3050, p < 0.01), whereas users with low levels of agreeableness exhibit opposite effects (Low Agreeableness (Sender) × Low Agreeableness (Recipient): 0.6159, p < 0.001; Low Agreeableness (Sender) × High Agreeableness (Recipient): 0.5593, p < 0.001). This result finds support in prior literature indicating that agreeableness consists of tendencies of individuals to be sympathetic, trusting, and trustworthy (Costa and McCrae 1992) as well as that agreeableness is associated with motives to maintain positive interpersonal relations (Jensen-Campbell and Graziano 2001) . Prior literature also shows that the personality trait of agreeableness is a predictor of successful transformational management (Judge and Bono 2000) ; transformational leaders gain support by inspiring and engaging followers. Besides this, our findings also reveal that senders with personalities characterized by high levels of conscientiousness are more likely to be effective advocates (High Conscientiousness (Sender) × Low Conscientiousness (Recipient): 1.6170, p < 0.001; High Conscientiousness (Sender) × High Conscientiousness (Recipient): 1.7278, p < 0.001), whereas the pair Low Conscientiousness (Sender) × Low Conscientiousness (Recipient) seems to have the opposite effect (0.6902, p < 0.05). This result is supported by prior literature, as the conscientiousness trait represents the tendency of an individual to be reliable, responsible, and self-assured (Barrick and Mount 1991) . Prior literature has also positively linked conscientiousness to sales performance (Barrick et al. 1993) . Furthermore, our findings indicate that recipients characterized by low levels of extraversion are more responsive to WOM effects (Low Extraversion (Sender) × Low Extraversion (Recipient): 1.1884, p < 0.01; High Extraversion (Sender) × Low Extraversion (Recipient): 1.7128, p < 0.001), while recipients with high levels of extraversion seem not to be responsive to WOM effects (Low Extraversion (Sender) × High Extraversion (Recipient): 0.5808, p < 0.001). The relationship between this personality trait and WOM effectiveness is an interesting and unexpected finding. In particular, Ogunlade (1979) reports that extroverts are more susceptible to contagion than introverts based on an experiment that defines contagion as imitation of another person's behavior. However, this divergent finding may well be because contagion in that experimental design involved disobeying rules (Ogunlade 1979) and that extroverts defy rules more often than introverts (Parish et al. 1965 Advance, pp. 1-29, © 2018 INFORMS range (Sender) × High Emotional range (Recipient): 0.5369, p < 0.01). The fact that high levels of emotional range are not linked to the effective dissemination of WOM is in accordance with prior research, as it has been shown that high levels of emotional range signal a lack of selfconfidence and self-esteem (McCrae and Costa 1991) . It is worth noting that high levels of emotional range (also referred as neuroticism) have been associated with negative behaviors, such as the inability to maintain personal relationships (Karney and Bradbury 1997) . Similarly, low levels of emotional range are linked to successful advising and friendships (Klein et al. 2004) , providing support for our findings. Finally, our study also reveals that WOM originating from senders with higher levels of openness is more likely to be effective (High Openness (Sender) × Low Openness (Recipient): 1.7139, p < 0.001; High Openness (Sender) × High Openness (Recipient): 1.3596, p < 0.001). High levels of openness indicate that a person is more curious, creative, and open to novel ideas and viewpoints, and they have been found to enhance the perceived persuasiveness of an individual (Oreg and Sverdlik 2014) . However, prior literature has not identified an actual change of behavior (of recipients) beyond perceived persuasion (of senders) (Oreg and Sverdlik 2014) . Overall, these results illustrate the economic importance of the effects for both marketers and social media companies, as, for instance, a positive WOM message from an extroverted user to an introverted peer is associated with an increase of 71.28% in the likelihood for a subsequent purchase.
Predictive Ability.
To assess the out-of-sample performance of our models and validate our aforementioned findings, we employ a holdout evaluation scheme with an 80/20 random split of data and evaluate each model in terms of concordance (i.e., the probability that predictions and outcomes are concordant). In particular, Tables 4 and 5 present for each model the Harrell's C concordance coefficient, which measures the likelihood of correctly ordering survival times for pairs of dyads of senders and recipients of WOM messages. The concordance measure is similar to the Mann-Whitney-Wilcoxon test statistic as well as the area under the ROC curve metric and takes values between 0 and 1, with a value of 0.5 indicating baseline performance and a value of 1 perfect predictive discrimination. Figures 2 and 3 provide a graphical illustration of the out-of-sample performance of the employed models and specifications. Based on the results, in addition to very good explanatory power, all the employed models exhibit very good out-of-sample performance, outperforming the baseline by a large margin and illustrating the predictive ability of the models. It is interesting to note in Figure 2 the increased out-of-sample performance that is exhibited by the models that leverage the information of the visibility of the message. This difference is also statistically significant. Finally, we should also note that Model 8 achieved the best out-of-sample predictive performance.
Robustness Checks 5.2.1. Alternative Estimators.
Enhancing the robustness of our findings, we expand our analysis and also model whether a user will purchase a product after being exposed to the advocacy of the WOM message (rather than how quickly a peer will purchase a product). We model this decision of a user (i.e., recipient of message) to make a purchase or not employing discrete choice models in a hedonic-like framework. The model platform is an underlying random utility model or latent regression model (McFadden 1973) , y * xβ + , in which xβ contains the constructs discussed in Section 4.1 and the continuous latent utility or measure, y * , is observed in discrete form through a censoring mechanism: purchase 1 if y * > 0, and purchase 0 if y * ≤ 0. Tables 6 and 7 Notes. Performance is shown with 95% confidence intervals (whiskers). The figure displays Harrell's C concordance coefficient representing the number of times that we can correctly order survival times for pairs of dyadic relationships. The baseline case represents randomly indicating the order of a pairs of dyadic relationships.
combinations of the specific personality characteristics on WOM effectiveness, respectively. All models employ the same constructs and controls as the models presented in Section 5.1. The results further corroborate our previous findings. Hence, both combinations of personality characteristics and personality similarity of peers affect whether a user will conduct a purchase as well as how quickly he or she will purchase a product. To control for potentially confounding effects and nonrandom visibility of messages, we also employ the 730 199,563 199,563 199,563 199,563 Notes. WOM effectiveness analysis with logistic regression model. The log odds (LOs) represent the percent increase (LO > 1) or decrease (LO < 1) in postpurchase likelihood associated with each attribute. * p < 0.05; * * p < 0.01; * * * p < 0.001. 199,563 199,563 199,563 199,563 199,563 199,563 Notes. WOM effectiveness analysis with logistic regression model. The log odds (LOs) represent the percent increase (LO > 1) or decrease (LO < 1) in postpurchase likelihood associated with each attribute. The baseline case for Models (2)- (6) represents dyads in which the WOM message was not visible. * p < 0.05; * * p < 0.01; * * * p < 0.001.
propensity score matching technique using as covariates the similarity measures for the users verifying that there are no statistically significant differences between observations in the treatment and control groups; the results are similar for alternative matching rules and covariates. Tables 8 and 9 present the results of the models for the WOM effectiveness over the matched sample.
Deep Learning.
In addition, to enhance even further our identification strategy and provide additional evidence of the robustness of our findings, we also control for the latent characteristics of the users tapping into the social network structure and the advances of deep learning. In particular, we use the method of DeepWalk, a deep-learning method for graphs (Perozzi et al. 2014) , to learn the latent representations of the users and their similarity and control for both latent user homophily and network structure roles. Tables 10 and 11 present the corresponding results. As shown in these tables, the results including these additional controls further corroborate our findings. Similar results are also achieved employing the method of node2vec (Grover and Leskovec 2016) .
Additional Robustness Checks.
Moreover, apart from the semiparametric survival analysis that was presented in the previous section, we also estimate the previously described models using a parametric survival analysis proportional hazards model of log relativehazard form. Table A1 in the online appendix shows the effects of personality similarity on WOM effectiveness. Then, Table A2 in the online appendix presents the effects of combinations of the specific personality characteristics of the sender and recipient of WOM messages on WOM effectiveness. The results corroborate our previous findings indicating that our findings are robust across various econometric specifications; very similar results are also obtained employing an accelerated failure-time model as well. Furthermore, we also account for potentially unobserved or unaccounted correlations among user dyads (Lin and Wei 1989) . Tables A3 and A4 in the online appendix present the results of the models for the WOM effectiveness under this alternative specification. The results corroborate our findings. Besides this, Tables A5  and A6 control whether the sender decided to make the message visible using a common norm among the users of Twitter (i.e., start a message with a dot as the first character). Then, Tables A7 and A8 show the corresponding results after further accounting for user homophily by controlling for user similarity in intrinsic tastes and preferences based on the overlap in brands that each user follows in the social network platform and the related industries of these brands (e.g., electronics, foods). Finally, to further control for potentially unaccounted homophily, we build latent variable models (i.e., structural models) where the similarity between the sender and the recipient is latent and measured based on the features described in Section 4.2.3 including information at the LDA topic level. Tables A9  and A10 show 191,355 191,355 191,355 191,355 191,355 191,355 Notes. Semiparametric survival analysis with Cox proportional hazards model on matched sample. The HRs represent the percent increase (HR > 1) or decrease (HR < 1) in postpurchase hazards associated with each attribute. The baseline case for Models 2-6 represents dyads in which the WOM message was not visible. * p < 0.05; * * p < 0.01; * * * p < 0.001.
In addition to the aforementioned robustness checks that are reported in this section and the online appendix, we have conducted additional checks for which the results are not reported here because of space limitations. For instance, the results and findings remain qualitatively the same after removing the top 20% of users with the highest number of words posted on the social media platform. Similarly, the results remain qualitatively the same after removing 20% of users with the lowest number of words posted on the social media platform. Likewise, the findings remain the same using different samples. To address any potential remaining self-selection issues, we also further enhance the identification strategy with a Heckman selection model (Heckman 1979) . The results remain qualitatively the same. Moreover, the results remain qualitatively the same employing alternative operationalizations for categorizing users to low-level and high-level groups for each personality characteristic. Other robustness checks include controlling for exogenous demand shocks based on Google Trends search volume, brand affinity, etc. To sum up, our identification strategy employs a quasi-experiment, latent variable models, and propensity score matching techniques as well as several controls for user similarity and homophily, network structure roles, user preferences, expertise, popularity, activity, strength of user relationships, message visibility and advocacy, as well as controls for products, product brands, product ads, etc., based on natural language processing, machinelearning, and deep-learning methods.
Discussion and Conclusions
Contributions and Theoretical Implications
Social media have transformed how consumers communicate and interact online and, consequently, how firms pursue their key marketing objectives. In particular, firms increasingly rely on leveraging electronic WOM in social media to attain their goals. At the same time, social media, thanks to their intrinsic characteristics, provide to both researchers and marketers the opportunity to directly observe the online communications and the related WOM instances Mayzlin 2004, Trusov et al. 2009 ) and gain deeper insights into the users' characteristics that accentuate or attenuate the effectiveness of WOM. In this study, tapping into the idea that personality characteristics affect individual behaviors, we extend the set of users' characteristics that have been theorized as affecting the success of WOM instances (Chang 2004 , Forman et al. 2008 , v. Wangenheim and Bayón 2004 to include latent user characteristics, such as personality traits. In essence, this paper takes a significant step toward studying latent user characteristics that impact the effectiveness of WOM. This is the first paper to unveil that personality similarity and specific latent personality traits affect users' online purchase behavior and facilitate WOM. In particular, drawing on theories that are rooted in psychology and social sciences, we examine at a granular level how specific personality characteristics enable or constrain the effects of WOM messages in social media. Furthermore, this paper goes beyond individualistic views of factors that amplify the effectiveness of WOM and provides a more holistic view by examining the pairwise characteristics of both the source and recipient of WOM messages. 569 198,290 198,290 198,290 198,290 Notes. Semiparametric survival analysis with Cox proportional hazards model. The presented econometric specifications include additional controls for latent user homophily and network structure roles based on deep-learning methods. The HRs represent the percent increase (HR > 1) or decrease (HR < 1) in postpurchase hazards associated with each attribute. * p < 0.05; * * p < 0.01; * * * p < 0.001. 
